This work introduces a machine learning approach to the identification of mention heads needed for multilingual coreference resolution (MCR). We evaluate the method and compare it to a heuristic baseline and a rule-based approach, which are widely used in coreference resolution systems. We use the CoNLL-2012 shared task data sets, which include data for Arabic, Chinese, and English. We show that for MCR, machine learning offers a competitive, flexible, and robust solution for mention head detection.
Introduction
Coreference Resolution (CR) aims to detect all linguistic expressions in a given discourse that refer to real world entities. Such expressions are generally called mentions. They need to be grouped into equivalence classes so that each class contains only mentions that refer to the same entity. The classes are called coreference chains. The task of CR includes not only the identification of coreference links between mentions, but also the detection of the mentions themselves. This subtask of CR has not been a main topic of interest, since most of the standard data sets for CR contained gold mention information. This situation changed in the most recent shared tasks on the topic of CR: SemEval-2010 Task 1 (Recasens et al., 2010) , CoNLL-2011 (Pradhan et al., 2011 and CoNLL-2012 (Pradhan et al., 2012 . The data distributed by these tasks included syntactic annotations, and it was considered an integral part of the task for the participating systems to develop their own methods to detect mention boundaries.
Statistical approaches to the CR problem often recast the task to a binary classification exercise. For the latter, coreference is represented by a decision model, such as the mention-pair model (Soon et al., 2001 ). The mention-pair model, which is the most widely used model for CR, pairs the anaphor with a potential antecedent, and determines whether they are coreferent or not. Since the decisions are taken independently for each possible antecedent, a global heuristic can be used to decide between multiple positive decisions or in cases where no antecedent was found.
The use of the mention-pair model implies that an instance consists of a pair of mentions, and, since vectors for machine learning (ML) need to be of a fixed length, each mention is generally represented by its syntactic head, plus informative features that describe the phrases and their context. As a consequence, there is an additional subtask of CR that needs to be performed before the actual resolution process: mention head detection (MHD). This is usually done by the use of simple heuristics or manually defined sets of rules (see section 2). In this work, we will investigate a novel ML method for multilingual MHD.
Multilinguality has presented additional issues to the coreference task, which were discussed and addressed by the two multilingual shared tasks on the topic SemEval-2010 Task 1 and CoNLL-2012. In general, MCR is faced with the same problems as monolingual CR: we have to optimize the 3 main stages in CR, the actual detection of mentions (MD), the detection of the syntactic heads of the latter and classification, based on a selection of features that can represent the phenomena. In our current work, we assume a mention-pair coreference model.
Identifying the head of a phrase is closely related to detecting the grammatical structure of sentences. Thus, the annotation layers provided in the two shared tasks led to the development of successful methods for MD that were mostly based on the underlying syntactic structure of the sentences. To our knowledge most state-of-the-art CR systems have not regarded MHD as a stand-alone subtask of CR, but rather as part of the feature extraction process. Since mentions often correspond to NPs, most approaches use variants of head finding rules, which were made popular by Collins (1999) . Such rules are manually written and specify where to find the head for an individual syntactic category.
In this work, we pursue the goal of MCR in the sense that we are developing an architecture that allows CR for multiple languages with only a minimal adaptation to the individual language. This means that we also need a multilingual approach to MHD that does not require the development of head-finding rules for every language to be added to the system. Thus, we introduce a novel method for MHD based on a ML approach, and we compare it to two widely used approaches.
In section 2, we give a short overview of the state of the art, then we present the problems with respect to multilinguality and the head detection problem (section 3). In section 4, we describe the two existing approaches to MHD and propose our own ML method. Section 5 describes the data set and evaluation settings and presents a comparison of the ML approach with respect to the other two approaches. In section 6 we conclude our observations and delineate future directions for this task.
Related Work
While there is a bulk of literature on CR for English (Soon et al., 2001; Ng and Cardie, 2002; Ng, 2007, for example) , MCR has only been addressed recently. The majority of work in this area was carried out in the context of the two shared tasks, the SemEval-2010 (Recasens et al., 2010) and the CoNLL-2012 (Pradhan et al., 2012) tasks. We focus on MHD for the data from CoNLL-2012.
The majority of the systems participating in the two shared tasks used approaches that were fairly language dependent with respect to MHD. In the context of the CoNLL-2012 task, the systems by Chen and Ng (2012) , Martschat et al. (2012) , and used manually created sets of rules, based on head-finding models following (Collins, 1999) . This means that every language other than English, which is targeted by these systems, would need other, language specific, sets of rules. Björkelund and Farkas (2012) employed Choi and Palmer (2010)'s percolation rules for Arabic and English and the rules of Zhang and Clark (2011) for Chinese. Li et al. (2012) used the head-finding rules from Penn2Malt, for English and for Chinese. The system by Martschat et al. (2012) relies on the Stanford SemanticHeadFinder (also an implementation of the rules by Collins (1999) ) for English while the head detection for Chinese is provided by the SunJurafskyChineseHeadFinder (an implementation of the rules presented by Sun and Jurafsky (2004) ). Martschat et al. (2012) did not work on CR for Arabic. created their own heuristic rules for the Arabic and Chinese; for English, they used Collins (1999)'s rules. For Arabic, the first noun/pronoun was selected as head; in Chinese, the last noun/pronoun was chosen as the head. also made the observation that the absence of expert linguistic knowledge can become an important obstacle when rules are to be developed manually for each separate language. Additionally, depending on the language, the collection of such rules may be a rather expensive task.
Issues in Multilingual MHD
The concept of a mention is closely related to NPs in syntax. The reason for this relation is that CR at present focuses on entities and often ignores event coreference. As a consequence, finding the head of a mention generally corresponds to identifying the syntactic head of the corresponding NP. The major difference lies in the fact that mentions often correspond to maximal rather than to base NPs.
If we approach the task of finding the mention heads by identifying syntactic heads, the task would be trivial if we had a full syntactic analysis, as provided in X-bar theory (Chomsky, 1970; Jackendoff, 1977) or in head-driven phrase structure grammar (Sag et al., 2003; Levine and Meurers, 2006) . However, treebanks are generally annotated in a more surface-oriented and flat annotation, in which heads of phrases are often not marked as such. The Penn Treebank (Marcus et al., 1993) , which is the standard for training statistical parsers for English, for example, uses a flat annotation scheme for NPs, as shown in the examples in (1). The annotation in the Penn Treebank for English also served as the model for the annotations in the Penn Arabic and Chinese treebanks.
(1) a. Phrase directionality, which describes the position of the syntactic head in a phase, is fairly regular for most languages, which is mainly why MHD is generally performed via heuristics or language dependent sets of rules. The languages in the CoNLL-2012 shared task represent a good variation of directionalities: Arabic is a consistently head-initial language; Chinese is a consistently head-final language; and English represents a language with mixed directionality since it places specifiers before the head and heavier constituents, such as prepositional phrases or relative clauses, after the syntactic head. Thus, English is the most difficult case: it requires knowledge of the internal structure of the NP in order to correctly identify the head of a higher-order NP, which is non-trivial to capture in a heuristic or in rules.
In the context of the CoNLL-2012 shared task, one simple type of NP that is difficult to capture by heuristics across languages consists of phrases containing a combination of titles, such as Mr., or Dr., and proper names. In all three data sets, proper names are part-of-speech (POS) tagged as NNP, titles can be tagged as either NN or NNP depending on the language: In English, titles are NNP, in Chinese NN, and in Arabic, they are NOUN PROP in the gold annotations, but the automatically assigned tag is NN. Generally, there are two possibilities where to place titles: either directly before or directly after the proper name, which is visually represented in figure 1. In both cases, the proper name is the head of the full NP. While in Arabic and English, titles are placed before the proper names, in Chinese, they are in phrase-final position. A simple heuristic approach to MHD, using either the first or the last token in the mention, would not capture the proper token as a head of such phrases. For Arabic, for example, as a head-initial language, the heuristic will pick the first token of the phrase to be the head. However, in that position, Arabic places the titles and not the proper names. In contrast, for Chinese, the last token will be selected, but this language places the titles after the names.
Titles and proper names are not the only phrase type that is difficult to be covered by heuristics. Other such types include full person names with the use of given and surname or more complex cases, involving coordinated phrases that need to elicit more than one head. Such complex cases cannot be covered by a simple heuristic, but rather need to be defined via language dependent rules in order to be captured properly across languages. However, as mentioned before, this requires linguistic knowledge of the language in question.
Methods for Multilingual MHD
In this section, we discuss 2 baseline methods and our novel ML method.
Heuristic MHD (HeuristicH) Detecting the head of the phrase via a heuristic considers only the predominant language directionality. For example, since Arabic is consistently head-initial, the heuristic will choose the first noun/pronoun to be the head of each NP. For head-final languages, the last noun/pronoun is selected. Since English has a mixed directionality, we treat it as a headinitial language. We are aware that this is not a good fit for English, but we aim at modeling lesser resourced languages with mixed directionality, for which no language specific knowledge is available. We employ the heuristic without improvement as a language independent baseline for which the only knowledge needed is the predominant directionality of the NPs in that language.
Rule-based MHD (RuleH) The rule-based approach uses a set of rules: every set consists of language dependent rules that cover MHD for coordinated phrases and the occurrence of proper names and titles. For English, we include a rule defining the head to be the last noun/pronoun in a sequence of nouns/pronouns, which addresses the problem of nominal premodification. We also restrict the search for the head to words before postmodifier clauses. Our rule set is similar to the one by Collins (1999) . However, since we extract heads for mentions rather than for (often nested) phrases, we modified the rules so that they consider context to account for the mixed directionality of English NPs (i.e., the search stops at e.g. prepositions).
Machine Learning for MHD (MLH) Our machine learning method is based on memory-based learning (MBL), which has been shown to have a (Daelemans et al., 2010) , an efficient implementation of the k-nearest neighbor (k-NN) approach. MBL classifies a new instance based on the k closest examples from the training set. If the k nearest examples are distributed over different classes, the majority of the set is used. We do not perform parameter optimization.
In the current task of MHD, we create an instance for every word in a mention, and decide for this word whether it is the head of the mention or not. As mentions we select the set of gold mentions provided by the task. Since mention head information is not provided in standard data distributions and was not included in the CoNLL-2012 data, we manually annotated a small data set.
In order to create the training/test data sets, all mentions from the training data are extracted, and each of the tokens for each of the mentions is represented as a feature vector containing information about the context of the given token in the current mention. As features, we collect 14 language independent values, listed in table 1. The features are extracted from the POS annotation layer.
One problem that is not handled by the MLH approach is that the tokens are classified individually, i.e., it is possible that more than one token is classified as the head. However, mentions that do not contain coordinating conjunctions should be assigned exactly one head. Correspondingly, the existence or type of the coordinating conjunction could be used in order to restrict the output of the classifier, which can be also regulated via a weighted classification procedure. In our work, we did not postprocess the output of the classifier, i.e., the output may contain multiple heads per mention.
Mention Head Detection Experiments
The evaluation of MHD is not a trivial task, since as noted before, mention heads are not included in standard linguistic annotation layers. It is also not part of the evaluation software provided by the shared tasks.
First, in section 5.1, we describe the data set and the experimental setup, including the CR system that we use. Then, we perform two different types of evaluation: In section 5.2, we assess the performance of the three MHD methods on the manually annotated data sets in an intrinsic evaluation, without integrating them into the full CR pipeline. And in section 5.3, we perform an extrinsic evaluation by using each of the three methods in an MCR system and compare the CR performance achieved by the approaches.
Data Set and Experimental Setup
For the following experiments, we used the CoNLL-2012 training and test data sets. In order to be able to assemble training data for the ML approach, we manually annotated a subset of the data for each of the three languages in the task. The data for Arabic includes an excerpt of 42 documents for training and 8 for testing. For English, we consider 100 documents for training and 20 documents for testing. Finally, for Chinese, 84 documents are annotated as a training set, and 16 are used as a test set. Note that Arabic has a significantly lower number of annotated documents, which is not only the result of its smaller data sets, but rather a consequence of the fact that Arabic has a highly NP-rich syntactic structure, which accounts for substantially more training instances per document than for English and Chinese. The annotations for English were performed by the first author, the ones for Chinese and Arabic by linguistically educated native speakers. The mentions used for the experiments are gold mentions, thus only coreferent mentions. Overall, the number of instances extracted are similar across all three languages. On average, the annotation of the data set required approximately two persondays per language.
For the intrinsic evaluation in section 5.2, we calculate precision, recall, and F 1 -score. For the extrinsic evaluation in section 5.3, we asess the results in the full pipeline of a MCR system. We use the UBIU architecture (Zhekova and Kübler, 2010) . UBIU is based on the mention-pair model Table 2 : MHD for excerpt data for all languages, Arabic (AR), English (EN), and Chinese (ZH), for all spans of mentions.
and uses TiMBL for classification. Since we are more interested in the effects of the MHD methods on the full CR system rather than in the optimal performance that can be achieved by UBIU, we do not aim at language dependent system optimization on any system component. We use the official CoNLL-2012 scorer, which provides five evaluation metrics: MUC (Vilain et al., 1995) , B 3 (Bagga and Baldwin, 1998) , the two variants of CEAF (Luo, 2005) , CEAF E and CEAF M , and BLANC (Recasens and Hovy, 2011) . For comparison, we calculate a TOTAL score as the average of the F-score of all metrics.
Intrinsic Evaluation
The results in table 2 show an interesting outcome: HeuristicH, which requires only minimal language specific knowledge, leads to the lowest performance across all three languages, with an F-score of 0.83 for Arabic, 0.90 for Chinese, and 0.67 for English. This outcome shows that for Arabic and Chinese, we reach a very competitive performance with a rather simple heuristic. Remember that both Arabic and Chinese have a clearly unidirectional NP structure. For English, however, with its mixed directionality in NPs, the results are far below the results for the other two languages, with a difference of 23 percent points between Chinese and English. This difference is a direct consequence of the various issues specific to English that we introduced in section 3, such as nominal premodification. Therefore, HeuristicH should only be used when it is known that a language is unidirectional. Even in such cases, we cannot expect a high performance in every case. The rule-based approach partially addresses the shortcomings of the HeuristicH baseline. It achieves an F-score of 0.85 for Arabic, 0.95 for English, and 0.97 for Chinese. This shows that we can reach very reliable results for English and Chinese; especially for English, which shows an improvement by 28 percent points, from an F-score of 0.67 to 0.95. For Arabic, however, the gain from the heuristic to the rule-based approach is minimal: it only gains 2 percent points, and it is far from reaching 90%.
The results for MLH show that this method is highly competitive: For Arabic (with an F-score of 0.88) and Chinese (with an F-score of 0.98), the ML approach reaches the best performance on the task. For English, the overall performance is 0.92, which is only 3 percent points lower than for the rule-based variant. Moreover, the scores for this language show that RuleH reaches a higher recall while precision is better for MLH. Part of the low recall for English may be due to the fact that the training set is restricted in size, which is detrimental for English since there the task is more difficult because of the mixed directionality in NPs.
Note also that overall, for all languages, precision is always higher than recall, which allows the conclusion that our simplistic approach in the ML method, allowing more than one head, does not harm the method's performance. Overall, we can conclude that the MLH approach is capable of learning the different directionalities, and it is highly competitive, especially given that it is a language independent method that can be employed for any language for which POS information is provided, given a small annotated data set.
Extrinsic Evaluation
For the extrinsic evaluation, we integrate all methods for MHD into the complete MCR pipeline. This shows whether the MHD methods have an effect on CR. The results are listed in This mirrors the performance of both methods in the intrinsic evaluation. Moreover, the performance of the system when given gold mention heads for this language is 47.36, which is only 0.2 percent points higher than MLH's performance. This shows that the latter approach already achieves a close to optimal performance. The results of this experiment show that improvements in MHD translate directly into improvements of the overall CR system. Since the ML approach outperforms the rule-based approach for two languages, we can conclude that MLH is highly competitive for MHD in a MCR context, as it is language independent in that it does not require any language specific knowledge or annotation layers, apart from POS information and a small data set annotated for heads. Note also that the RuleH total scores for English and Chinese as well as the MLH total score for Chinese are higher than the respective values given gold standard heads. This is due to an increased recall across the different metrics.
Conclusion and Future Work
We propose a machine learning approach to mention head detection in the context of multilingual coreference resolution. We conducted an in-depth intrinsic and extrinsic evaluation of the method and compared it to a heuristic and a language dependent rule-based approach, generally used in CR systems. Our results show that the ML approach is language independent, given a small annotated set, and that it performs competitively in a multilingual setting.
The proposed ML method for MHD includes a basic set of language independent features. Like any ML approach, features are very important to the overall performance of the learner. For this reason, one very promising direction of further investigation is the thorough evaluation and extension of the feature set used for classification. In order to keep the language independent nature of MLH, only language independent features should be added to the current set of 14 values.
As discussed in section 4, the MLH approach does not control the number of heads allowed per mention. Thus, a possible improvement of this method can be achieved by an additional restriction on the number of heads allowed per phrase that is bound by the type of NP and the existence of coordinating conjunctions used in the phrase.
